This study aims at assessing the determinants of business failure of companies listed on Ghana Stock Exchange using financial ratios as indicators of failure. Using 15 corporate determinants, a collective sample of 25 companies were split into 30% hold out sample, 70% estimation sample and the overall prediction for a cumulative five-year data set. To obtain the significant ratios that bring about business failure, factor Analysis and logit model were respectively employed to reduce the number of correlated variables into smaller uncorrelated variables and to predict the accuracy of the ratios that are significant indicators of failure. From the analysis, the corporate determinants that are consistent indicator of financial distress are profitability ratio, specifically the Return on total asset and Leverage ratio. The study therefore recommends that the regulatory authorities such as the Ghana Stock Exchange and the Securities and Exchange Commission should monitor and assess the financial health of listed firms based on the two significant financial variables (profitability ratio and Leverage ratio).
REVIEW OF LITERATURE
The type one of business failure mostly occurs to newly established firms or small companies. Failure of these indicates that their performance never arose above poor before it sank. These companies mostly collapse within five years of its establishment. The company is mostly characterized by lack of managerial expertise since it may have only one manager. It may have limited financial system such as budget, cost system to carefully examine revenue, and make financial reports. This deficiency could make the owner overestimate the revenue or underestimate cost leading to more financial distress. They may as a result of insufficient funds obtain loans or launch big projects with the intention of raising funds but mostly they begin life with serious defects (Mofokeng, 2012) .
The type two of corporate failure occurs to young companies that have survived longer than the type one companies. This type of companies' performances shoot upwards till it reaches its apex or maximum then dwindles. These firms face a similar managerial handicap as the type one companies but they diversify their operations thereby increasing their sales. As the sales increase, it brings about new capital resources which are readily available for trading. Since the company is known and in the public eye, the company will attempt various strategies that will help them succeed. The company therefore sells more (mostly on credit) and borrow more to fund their operations. Their sales grow rapidly but with no profit to matchup. This deters banks from giving further credit to the business for its operations. This will have a negative impact on the companies hence halting their operations. The collapse of these companies occur swiftly and no creative accounting could save the company from collapse (Mofokeng, 2012) .
The type three of failure affects companies that are mature and have been in existence for years. These businesses before failure experienced a slow start, rapid buildup, then an indefinite period of stable 'good to excellent' performance (S-curve). They have high turnovers, good profit margins and low gearing rates. These companies have much more complex operations. This failure is about 20%-30% of all business failures.
They may have experienced defects in their management structure in the form of a non-participating management board and defects in their accounting information system which might not have been quickly resolved (Mofokeng, 2012) . Beaver (1966) , one of the pioneers of quantitative model studied corporate failure using financial ratios. He explored 79 failed and 79 non-failed companies between 1954 and 1964. He based his prediction using 30 ratios and these ratios were applied five years prior to failure. He concluded that the significant ratio for predicting failure was cash flow to total debt ratio with a definite success precision of 78%. Altman (1968) developed the multivariate discriminant model with the aim of solving some of the deficiencies of the univariate system. In this investigation, he matched 33 failed and non-failed companies with the years of 1946 and 1965, using a combination of ratios into one score to determine the financial stability of the firm. He concluded using that a higher z-score meant a higher or better financial health and a lower z-score indicated poor financial health (Altman, 1968) . Neophytou and Molinero (2004) applied the multidimensional scaling to predict corporate failure. The technique has a link with factor analysis (component analysis). This technique is superior to others because it is easy to understand. Its robust nature makes it less convincing, they concluded their research that the MDS results produced show that failed and non-failed firms fail in some clearly distinct areas. Andreica (2009) in her study applied the CHAID model, the logit and hazard model and the ANN model in predicting the probability of bankruptcy of a set of distressed and non-distressed firms from 2006 to 2008. She concluded that the profitability ratios were the best predictors of bankruptcy. The second set of her three-year cumulative data highlighted solvency ratio as an indicator of bankruptcy with a precision of 96.7%.
Empirical Literature Review
Appiah (2011) examined business failure in a developing economy. He examined business failure on listed companies on the Ghana Stock Exchange. He applied the Altman Z-score model on a sample of 15 failed and non-failed companies from the year 2004 to 2005. He presented that corporate failure cannot be predicted using the Altman model due to the high type II errors.
Mohammed (2013) in her study using the Altman's (1993) Z-score showed that current ratio, retained earnings to total asset, earnings before interest, taxes to total assets and book value of equity to total liabilities can be used to successfully predict failures.
According to Orabi (2014) tested the effectiveness of financial failure prediction models on forecasting the failure of public shareholding companies. He tested and compared the Altman model and the Sherrod model to ten shareholding companies listed on the ASE. He concludes in his study that the Altman is a better reflector to screen out successful companies from failing ones. Bunyaminu and Bashiru (2014) examined a combination of quantitative and qualitative models to predict business failure with an appreciable degree of accuracy and precision. They asserted that failed firms face inability to settle debts, have weak finance directors and possess low profitability. Bunyaminu (2015) explored business prediction models. He made an empirical study of business failure using survival analysis and generalized linear modeling (GLM). He matched companies from all the industry sector categories from 1994 to 2011. He concluded in the study that financial ratios and nonfinancial factors (managerial factors) have significant predictive ability for detecting failure of Ghana's public listed companies.
Muntari (2015) assessed the financial distress of listed companies to understand their sources, signs, detection and elimination. He applied the Altman Z-score on the financial statements from 2007 to 2013 of ten listed companies on the Ghana Stock Exchange. He found that six companies were financially sound, two were in financial distress and the remaining two were experiencing financial deterioration.
METHODOLOGY AND DATA

Sample Size and Sampling
Both distressed and non-distressed were drawn from the six industry sector categories on the Ghana Stock Exchange. The data set sampled consisted of twelve companies, that is, six were distressed and six were non-distressed companies to ensure that there are equal sets of distressed and non-distressed companies for matching. The six matched-pairs of distressed and non-distressed companies were matched based on their industry, asset turnover and size. 
Data Collection
The data and information used in the research was secondary data from secondary sources. The secondary data employed were the published financial annual statements of both distressed and nondistressed companies obtained from the Ghana Stock Exchange and its Fact Books. Financial ratios were computed from the available financial reports and this is shown in table 2 below. There were nineteen (19) financial ratios calculated and these ratios fell broadly under five main ratio categories namely: Profitability, Leverage, Asset Utilization, Growth Ability and Size. In many previous researches, missing values of financial ratios were simply deleted from the analysis and those missing value trimmed by ratios with extreme values at certain percentiles and replacing the missing values by mean or random values (Tucker, 1996) . By this principle, this research instead of deleting missing variables replaced them with the mean values of the financial ratios using the SPSS software package.
Data Analysis Factor Analysis Technique
The study initially used nineteen ratios which got reduced to 15 due to inability to find data for certain ratios. The Factor Analysis was then used to reduce the dimensionality of the data from 15 ratios to 9 financial ratios. The Factor Analysis is a mathematical, statistical and chronological technique that aided to reduce the dimensionality of the financial data. This helps to sample out significant ratios that clearly identify whether a firm is distressed or non-distressed and to almost accurately predict corporate failure.
Misra and Vikram (2008) (as cited in Bunyaminu & Bashiru, 2014 ) explained Factor Analysis model as a mathematical model that attempts to reduce a large number of inter-correlated variables to a smaller number of uncorrelated factors. Factor Analysis involves a mathematical procedure that reduces the dimensionality of the initial data space by transforming a number of possibly correlated variables into a smaller number of uncorrelated variables called Factors. These factors are synthetic variables of maximum variance, computed as a linear combination of the original variables (Andreica et al., 2009 ). The Factor Analysis procedure employed in this research was adopted from Bunyaminu and Issah (2012) but with some minor adjustment.
Regression Analysis (Logit) Model
The logistic model, according to Shumway (2001) , is a single-period classification model which uses maximum likelihood estimation to provide the conditional probability of a firm belonging to a certain category given the values of the independent variables for that firm. It explains the relationship between a dichotomous variable (Y) which takes the values 1 or 0 for distress and non-distress companies respectively and their explanatory variables (X i ) representing its financial ratios. The Logit model was employed in this research by combining several characteristics into a probability score for each company, which identified the 'vulnerability to failure' or the 'failure probability'. The model was adopted from Ohlson (1980); Tucker (1996) ; Abdullah et al. (2008, p. 205) and Bunyaminu and Issah (2012) .
where: Z i is a Discriminant score for company i ' is the weight (coefficient) of variables x i is company's financial ratios u i is an error term Z i ranges from -to + The probability and likelihood function for the non-failed company can be defined as follows:
For ease of exposition, it is written as
Equation (2) represents what is known as the (cumulative) logistic distribution function. For the application of the logit prediction model, the weights of each financial ratio was estimated in equation (1) using the financial ratios of listed companies. If Pi represents the probability of non-failed companny which is given in equation (2), then (1-P i ) would be the probability of failed. For a failed firm, it would take the form:
In applying this model, a cut-off probability must be estimated. The estimated probability from the logit model is then compared to the pre-determined cut-off score to classify an observation into one of the groups, whether distressed or non-distressed. The cut-off point for the study was set at 0.5 as frequently used in most previous research though others have used multiple cut-offs to test their results. If the probability estimated falls below the cut-off, the firm is said to be non-distressed but if it is above the cutoff probability score, the observation is considered distressed. However, the approach for determining the cut-off probability is still indecisive and depends on the context and payoff functions.
DATA ANALYSIS AND RESULTS
Factor Analysis
A sample of 25 companies for the cumulative five years was split into a 30% holdout sample and a 70% estimation sample. The Factor Analysis method was used and the results are indicated in table 3. The Table 3 shows the Total Variance Explained for the eigenvalues. From the table there are five eigenvalues greater than 1. The first five values arranged in descending order are: 1=4.334, 2=1.985, 3=1.190, 4=1.173 and 5=1.115. The first factor contributes the highest of about 28.89% of the total gain of recovered information, followed by the second and third factors contributing 13.23% and 7.94% respectively. The fourth and fifth factors add 7.82% and 7.43% respectively to the cumulative total variance explained. These five factors constitute about 65.31% significance to the variance. This proves that many ratios have been presented and accounted for.
The Scree plot below, Figure 1 displays the eigenvalues of the factors used. Using Cattell's criteria, the plot inculcates just three factors for representing the data. It would hence be suitable to use the three sufficient components. Table 4 shows the partial correlation between the rotated factor and the financial ratios. The financial ratio above 0.5 for each factor is chosen. The rotation had effect of associating the Current ratio (87.2%), Liquidity ratio (81%), Fixed Asset turnover (61.4%), Growth rate on net profit (93.4%) more with the first factor; Return on total assets (65.5%), Profit margin (69.1%) with the second factor; Net asset turnover (86.2%), Fixed asset turnover (66.6%) with the third factor; Return on capital employed (64.4%) with the fourth factor and Turnover growth (57.1%) with the fifth factor. 
FIGURE 1 THE SCREE PLOT The Rotated Factor Matrix
% of Gained Information
Cumulative Five-Year Data Sets X 1 , X 2 , X 3 , X4, X7, X 8 , X 9 , X10, X 11 , X 14 , X 15 , X 16 , X 17 , X 18 , X 19 X 1 , X 9 , X 10 , X 11 , X 18 , X 19 X 2 , X 3 , X 4 , X 7 , X 8 ,X 14 , X 15 , X 16 , X 17 65.31%%
The Table 5 highlights the factors retained after employing the factor analysis. The variables retained are return on capital employed, return on total assets, profit margin, current ratio, liquidity ratio, net assets turnover, fixed assets turnover, turnover growth and growth rate on net profit.
The Stepwise Regression Analysis Estimation Sample
The Stepwise method was used in developing the regression model for the descriptive variables. This technique is suitable since it combines all the explanatory variables into the model chronologically. In this research, the model employs variables with the highest correlation with the predicted variables. If a variable is insignificantly contributing to a predicted variable, the variable can be exempted. This method is thereby helpful if the independent variables are large and of great significance to the model. The research considered models 1, 2, and 3 on the Stepwise Regression Model in the table below (Table 6) as the best models. 
Justification for Selecting Models 1, 2 and 3 as the Best Models
The SPSS package selects explanatory variables that are highly significant in influencing the dependent variable. The model identified Return on total assets variable being the highest contributor to the dependent variable (Distressed and Non-Distressed Companies). It then identified Return on capital employed ratio (%) as having the second highest partial correlation with the dependent variable, so it is added to the second model, model 2. Liquidity ratio (%) contributed the third highest and it is added to the model 3 (with reference Table 6 ).
Mathematically the final and best model for the estimation sample is: Y = 2.046 -0.017X2 -0.014X3 -0.013X8 The estimation sample using the Stepwise model produced an overall accuracy of 76.5% as in Table 7 . The variables considered to be significant are profitability ratios (return on total assets, return on capital employed) and leverage ratios (liquidity ratio).
This means that financially distressed companies have low return on total assets, return on capital employed and liquidity. A non-distressed firm may however, have a high return on total assets, return on capital employed and liquidity. For the hold-out sample (shown in Table 8 ), only one model was generated. It then identified Return on capital employed ratio (%) as having the highest partial correlation with the dependent variable. Mathematically the final and best model for the hold-out sample is: Y = 1.558 -0.015X2 
Hold-out Sample
Construction and Testing of Prediction Model
With regards to Table 9 , showed that for the hold-out sample using the logit model has produced an overall accuracy of 39.8% for the cumulative five-year data set. The variable considered to be significant is Profitability ratio (return on capital employed).
Overall Logit Model (Overall Five Years)
The overall prediction using the logit model can be obtained from the tables below, consisting of the coefficients for the logit model, excluded variables and the model summary of the logit model.
The STEPWISE model produces four models. The SPSS package then selects explanatory variables that are highly significant to the dependent variable. The model identified profit margin ratio as being the highest contributor to the dependent variable (distressed and non-distressed companies). It then identified return on capital employed ratio (%) as having the second highest partial correlation with dependent variable, so it is added to the second model, model 2. Return on total assets ratio contributed the third highest and it is added to the model 3. Model 4 included all the previous variables with liquidity ratio which is the fourth highest contributor to the dependent variable (in Table 10 ). Mathematically the final and best model for the overall logit model is: Y = 1.805-0.005X2 -0.007X3 -0.013X4 -0.012X8. 
Construction and Testing of Prediction Model
The study showed that the logit model has produced an overall accuracy of 57.8% for the cumulative five-year data set. The variables (shown 11) considered to be significant are Profitability ratio (profit margin, return on capital employed, return on total assets) and leverage model (liquidity ratio). For a nondistressed companies, they may have high returns on the significant variables while the distressed firms may suffer low returns on the significant variables. From the table 12 above, for the five-year cumulative data sets, the estimation sample yielded 88.5% and the hold-out sample resulted in an accuracy of 64.6%. Comparing the 70% estimation sample and the 30% holdout sample, the estimation sample yielded a higher accuracy level as compared to that of the hold-out sample.
The overall prediction accuracy for the Logit model is 76.1%. This is above that of the hold out sample. The study identified return on total assets to be the most significant variable for predicting corporate failure. This ratio cuts across the estimation sample, hold-out sample and the logit model.
KEY CONTRIBUTIONS OF THE PAPER
The significant ratios that have shown to be consistent indicators of both companies are profitability ratio (profit margin, return on capital employed, return on total assets) and leverage ratio (liquidity ratio). This study affirmed that distressed firms experience low profitability and high level of debt. This is consistent to the results reported by Charitou et al. (2004) ; Abdullah et al. (2008); Neophytou et al. (2000) and Ciampi and Gordini (2008) .
This study clearly shows that there are no surprises in firms folding up. Companies in Ghana on the brink of failure will post low profits made worse by high debt regime, which should send alarm bells for stakeholders to figure out a bail out before the situation takes a turn for the worse resulting in abject failure with dire consequences.
CONCLUSION
The descriptive statistics concluded that distressed companies had a remarkably low gearing ratio and non-distressed companies had high gearing ratios, where that of the distressed companies is pegged at -1.84% and 99.69% for the non-distressed, an indication that the non-distressed type rely more on debt financing. It was also found that the Interest Cover of the distressed and the non-distressed companies could not be compared because the value for the distressed was 2.51%, while the non-distressed, valued 119.8%.
The mean value of Profit Margin for the failed companies is negative with a value of -2.13, while there were no negative values for non-distressed companies. Return on Capital Employed happened to be the best predictor of failure as identified with the logit model.
The justification for selecting the logit model was principally because recent reports suggested that where the dependent variables (distressed or non-distressed) are binary, it gave a more accurate results. But however, this model still holds on to some few drawbacks with respect to its underlying assumptions.
The predictor variables used in the construction of the model was selected using Factor Analysis and the conclusions reached are purely based on the cumulative five-year data sets. The Factor Analysis concluded that nine (9) factors are significant-Return on Capital Employed, Return on Total Assets, Profit Margin and Current Ratio, Liquidity Ratio, Net Asset Turnover, Fixed Assets Turnover, Turnover Growth and Growth Rate on Net Profit with total information gained of 65.31%.
The Logit Model constructed was evaluated in terms of estimation sample, hold out sample and overall prediction point of view. The estimation sample by far produced a strong prediction accuracy rate of 88.5% for the cumulative five-year data set. The significant variables that have appeared as a constant indicator of financially distressed companies in the Logit Model were Profitability Ratios (Return on Total Assets, Return on Capital Employed and Profit Margin) and Leverage model (Liquidity Ratio).
The only recognised variable for the hold-out Sample concluded by the Logit Model was Return on Capital Employed as the only good predictor of failure while the other variables such as Current Ratio, Liquidity Ratio, Fixed Assets Turnover, Growth Rate on Net Profit, Return on Total Assets, Profit Margin Net Assets Turnover and Turnover Growth were excluded from the determinants, resulting in a lower accuracy rate of 64.60%.
The logit model employed for the study showed overall prediction strength of 76.10%. The effect was eminent as it reflected in only four factors being significant-Profit Margin, Return on Capital Employed, Return on Total Assets and Liquidity Ratio.
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